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Preface

Although I evolved the concept ofData-Based Mechanistic (DBM) modelling over a
number of years during the 1970s, I did not coin the phrase until 1993, then elaborating
upon its meaning in subsequent years. It is a phrase that has current resonance following
the much more recent use of the term ‘data-driven’ modelling. It is important to note,
however, that the inherently stochastic DBM models are quite different to the purely
black-box, data-driven models used in areas such as ‘machine learning’ and ‘artificial
intelligence’. These utilize various modelling, estimation and pattern recognition tech-
niques, such as neural-network models, many of which do not quantify the uncertainty
in their outputs and inferences.

In complete contrast to these heavily parameterized ‘black-box’ models, normally
demanding large amounts of data and excessive computer resources, the stochastic DBM
models are obtained using statistically efficient, optimal methods ofmodel identification
and parameter estimation, most often based on relatively small amounts of well selected
data and requiring only modest, widely available computer resources. In the present
book, for instance, these are an Apple iMac computer and computational routines from
the ‘CAPTAIN’ Toolbox (see later in the Introductory section of the book) that run
in the Matlab™ numeric computing environment (which also contains other tools that
are useful in DBM modelling). And these DBM models are normally characterized by
relatively few parameters that have an obvious, physically meaningful (‘mechanistic’)
interpretation, in areas such as science, engineering, ecology, medicine and socio-
economics.

It is important to note that DBM modelling is a general approach to the modelling
of dynamic systems and the main aim of the book is to describe how this is applied in
practice. Consequently, althoughMatlab is used as the numeric computing environment
in the book, any other similar digital utilities, such as the the popular ‘R’ programming
language, would be alternatives. Of course this would require computational tools
similar to those in CAPTAIN and Matlab that are used in the book to be programmed
by the user. Whatever computing environment is used, however, the ‘art and craft’ of
the DBM modelling, i.e. the ‘how-to-do-it’, would remain the same. And the primary
purpose of this book is to explain this in full detail.

The book starts with a short discussion that considers how the philosophical basis
of DBM modelling fits within the context of previous scientific philosophy, from Isaac
Newton to Karl Popper and Thomas Khun in the 20th Century. Then the ten main
steps that constitute this DBM modelling approach are itemized and the associated
algorithmic tools, all available in the free CAPTAIN Toolbox for use in the Maltlab™
software environment, are introduced. The main chapters in the book then follow,
demonstrating in considerable tutorial detail how to apply these tools and understand
the ‘art and craft’ of DBM modelling based on real time-series data.

The applications considered in this detailed manner are selected for two reasons.
First and foremost, because they present problems in data-based modelling from real,
monitored time series data that need to be handled carefully in order to obtain a well-
identified dynamic model; a model with statistically well-estimated parameters that can
be interpreted in appropriate and meaningful mechanistic terms. Consequently, these
applications are very well-suited for tutorial purposes, demonstrating the care that must
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be taken in applying DBM modelling tools, or indeed any alternative modelling tools,
when the data are problematic in some ways.

All of these tutorial examples involve the purely data-based statistical identification
and estimation of physically meaningful differential equation models, based on time-
series data that are freely available from the internet. Consequently, the resulting DBM
models provide a mainly objective interpretation of these data and, unlike many ap-
proaches to scientific modelling that follow a ‘hypothetico-deductive’ form, they do not
depend upon prior hypotheses about the nature of model; hypotheses that may prejudice
the size and complexity of the resulting model. In other words, the differential equation
model structure and the parameters that characterize this structure, all derive directly
from the data alone. Whether this model is similar to that derived from prior hypotheses
is considered only after this, when the DBM model may then sometimes be modified
to a ‘hypothetico-inductive’ form, if this seems useful.

Fortunately the data used for these tutorial purposes in the chapters of the book are
also interesting in a wider sense: they relate to four main areas of great topical interest
to humanity: the global climate, the COVID pandemic, the macro-economics of the
USA and finally, within a very large tutorial appendix, the hydrological systems that
affect us all. The first three have been chosen because the results obtained via the DBM
modelling carry another wider message and, lest this is lost in the tutorial detail, I feel
this message should be considered briefly in this Preface.

The first two chapters deal with the modelling of globally-averaged warming in the
World between 1850 to the present. The first chapter demonstrates how low dynamic or-
der DBM differential equation models are able to closely emulate the globally-averaged
behaviour of the extremely large Atmosphere and Ocean General Circulation Models
(AOGCMs) that are so prominent in research on global-warming. In doing so, it reveals
limitations in these models that appear to affect their predictive abilities, as well as
questioning why the AOGCMs produced by different research centres have such differ-
ent static and dynamic properties. This, in turn, leads to increased uncertainty about the
future behaviour of global warming.

The second chapter focusses on the stochastic DBM modelling of the relationship
between the Total Radiative Forcing (TRF) coming from various sources, including the
much-debated effects of human activity, on the changes in globally-averaged surface
temperature, as quantified in the Global Temperature Anomaly (GTA). Despite its low
order, the DBM model is able to predict the various ‘leveling’ episodes that have
occurred over the last 150 years, including the most recent one just after the turn of the
Millenium. The better explanation of GTA is due to the presence of a quasi-periodic
component in the model output that, speculatively but with good modelling support,
could be linked with heat-exchange between the atmosphere and ocean. And it is this
enhancement of the forecasting ability that allows the models to predict the short to
medium term global warming better than the AOGCMs, which do not generate such
globally-averaged behaviour.

The uncertainty associated with the COVID pandemic is well-known and the third
chapter in the book confirms this, particularly in relation to the UK where poor gov-
ernmental management led to increased COVID-related deaths, as well as gross waste
and mishandling of public finances. One aspect of the reporting that may have led
to uncertainty in the eyes of the general public was the ‘basic reproductive number’
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that was promoted as a good measure of monitoring the progress of the epidemic and
whether or not it was being kept under control. The chapter addresses this by suggesting
an additional quick and straightforward approach to monitoring the progress of such
epidemics based on the efficiently estimated rate of change in the recorded deaths (or
indeed any other epidemic-related measure of its progress). This utilizes the powerful
Dynamic Harmonic Regression (DHR) algorithm in the CAPTAIN Toolbox, which
includes estimation and removal of the large weekly cycle in this series and so is robust
to its effects.

The chapter goes on to show how, once again, DBM model-based forecasting can
be helpful and it is utilized to produce quite reasonable multi-day forecasts of deaths
caused by COVID infection. Finally, it is concluded that the most popular nonlinear
Susceptible, Infectious, Removed (SIR) differential equation model developed and used
by epidemiologists has good explanatory ability and that further research would be
required to find a DBM model-based alternative. On the other hand, the SIR model
requires data on the SIR components that are not easily accessible outside the epidemi-
ological community. Consequently, the analytical procedures used in DBM modelling
are applied tomodify the SIRmodel so it can be estimated from themore easily available
daily data on COVID deaths. This modified, ‘hypothetico-inductive’ model is then used
to forecast the UK deaths due to COVID at various stages in the epidemic and highlight
what activities, or lack thereof, appear to be associated with its dynamic behaviour.

Chapter 4 in the book considers an important aspect of the macro-economy in the
USA from 1945 to the present. In particular, it identifies a low order DBM differential
equation model that shows how the American unemployment percentage was affected
by the changes in Government and Private capital investment over this period. It reveals
how themodel had to bemodified around 1980, presumably after the neoliberal policies,
such as those introduced into the USA by Ronald Reagan and in the UK by Margaret
Thatcher, started to affect the economic systems of the Western World. The worst
effects of these neoliberal policies, involving the deregulation of the private economy
and privatization of public enterprises, really became apparent after the start of the new
Millennium and led to the great crash of 2008.

After 2008, the model provides a quite good explanation of the data until, in
2015, a breakdown occurs, with the measured unemployment rate falling and the
model’s prediction showing little change, mainly because there is little recorded
change in either government or private investment between 2015 and 2020 (mean
values 17.5% and 17.7% of GDP, respectively). I hope that these DBM modelling
results may help to shed further light on to what was happening to the US economy
over this important period of time which Robert M. Solow, in a New Republic ar-
ticle (see https://newrepublic.com/article/117429/capital-twenty-first-century-
thomas-piketty-reviewed), referred to as the “rich-get-richer dynamic”, presumably
harking back to the well known phrase “The rich get richer and the poor get poorer”
attributed to the UK poet Percy Bysshe Shelley.

So, to conclude, I hope that this preface, while emphasizing the predominant tutorial
nature of this book, also makes clearer the underlying messages that are revealed by the
results of DBM modelling. In particular, I hope that:
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• The first two chapters, through their climate-related tutorial examples, will help to
throw some light on the limitations of the conventional climate models and reveal
the value of the very much simpler DBM modelling in extracting, explaining and
forecasting the dominant dynamics of the climate at the global level;

• The value of the simple yet effective monitoring approach suggested in the COVID
pandemic chapter will be accepted by epidemiologists as an additional and easily
available tool in theirmanagement of such epidemics; and that the other contributions
on forecasting and modification of the SIR model may influence their thinking in
these regards;

• And finally, if nothing else, the DBM modelling of unemployment in the USA will
help to reveal to readers how and when this economy, that is so important to the
other economies of the Western World, changed over the 21st Century. I am sure
that any macro-economists, who happen to come across this book, will be able to
explain very much better than I do what happened over the Trump Presidency, when
the the DBM model breaks down and, despite very little change in public or private
investment, unemployment continued to fall.

But I will be pleased if just a few of these hopes turn to reality; and that in learning
from the tutorial content what is meant by the ‘art and craft’ of DBMmodelling, which
is the primary aim of the book, readers will also join with me in reflecting on what
the topical examples used in this tutorial context may reveal about the nature of our
uncertain World after 25 years of the 21st Century.

Peter Colin Young, M.A., Ph.D. (Cantab), Wh.F. Lancaster, U.K.
Professor Emeritus, Lancaster University January 2025
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